Abstract This article compared conceptual and empirical strengths of alternative methods for estimating racial disparities using non-linear models of health care access. Three methods were presented (propensity score, rank and replace, and a combined method) that adjust for health status while allowing SES variables to mediate the relationship between race and access to care. Applying these methods to a nationally representative sample of blacks and non-Hispanic whites surveyed in the 2003 and 2004 Medical Expenditure Panel Surveys (MEPS), we assessed the concordance of each of these methods with the Institute of Medicine (IOM) definition of racial disparities, and empirically compared the methods' predicted disparity estimates, the variance of the estimates, and the sensitivity of the estimates to limitations of available data. The rank and replace and combined methods (but not the propensity score method) are concordant with the IOM definition of racial disparities in that each creates a comparison group with the appropriate marginal distributions of health status and SES variables. Predicted disparities and prediction variances were similar for the rank and replace and combined methods, but the rank and replace method was sensitive to limitations on SES information. For all methods, limiting health status information significantly reduced estimates of disparities compared to a more comprehensive dataset. We conclude that the two IOM-concordant methods were similar enough that either could be considered in disparity predictions. In datasets with limited SES information, the combined method is the better choice.
Introduction
In Unequal Treatment, the Institute of Medicine (IOM) defines a health services disparity as the difference in treatment provided to members of racial (or ethnic) minorities that is not justified by the health status or treatment preferences of the patient (IOM 2002) . When implementing the IOM definition, estimates of ''disparities'' should be adjusted for clinical appropriateness and need, but not for socio-economic status (SES) variables (Cook 2007; McGuire et al. 2006; Zaslavsky and Ayanian 2005) . Using a health care survey, clinical appropriateness and need can be approximated by health status and closely related variables. For example, lesser use of health care by blacks because they are younger or healthier than whites would not constitute a disparity; thus, estimates of disparities should adjust for measures of age and health. On the other hand, less health care use by blacks because they disproportionately live in poverty does constitute a disparity according to the IOM definition, and thus SES variables like poverty status should not be held constant across racial groups in disparity estimation.
Although the IOM definition is clear in principle, translation of the definition to empirical work is not straightforward in the nonlinear models typically used to model health care utilization. This paper evaluates three methods for implementation of the IOM definition of racial/ethnic disparities in the context of these non-linear models, assessing their concordance with the IOM definition, applying them to an analysis of racial disparities in total medical expenditure, and assessing their sensitivity to missing SES and health status variables.
Background
In health services research, estimates are often adjusted to hold health status variables constant across individuals or groups to isolate effects of non-health variables. For example, quality-of-care reports may be adjusted for health status to provide comparisons among hospitals (Hargraves et al. 2001; Kupersmith 2005; O'Malley et al. 2005 ) and physicians (Hofer et al. 1999) . Capitated payments to health plans are risk-adjusted by elements of health status to pay plans fairly for the enrollees they attract (Ellis and van de Ven 2000; Howland et al. 1987; Zaslavsky et al. 2001) . Similarly, the IOM definition of disparities suggests that comparisons should hold the health-related case mix constant across racial groups.
The operation of health care systems and their legal and regulatory climate may affect individuals of different races differently, thus contributing to health care disparities. These differences are in part mediated by SES variables. For example, individuals of lower SES may have more difficulty paying for care and navigating the health care system. If this leads to poorer health care, and minorities are disproportionately represented in lower SES categories, then SES mediates disparities. The quality of health care also varies widely across geographic regions, engendering disparities in utilization of some medical procedures because minorities are disproportionately located in low use areas (Baicker et al. 2004; Chandra and Skinner 2003; Skinner et al. 2003; Zaslavsky and Ayanian 2005) . On the other hand, race may influence health care independent of these geographic or SES effects, perhaps through discriminatory practices or cultural ''incompetence'' that interfere with access to and utilization of healthcare.
Clinically based measurement of disparities tries to compare members of different groups with similar health status by selecting study participants based on their appropriateness for a specific procedure or course of treatment. For example, clinically based studies measuring disparities in cardiac care treatment and outcomes have compared minorities and whites presenting at cardiac care centers with similar symptoms, finding that African-Americans have lower rates of cardiac catheterization (Ford et al. 2000; Kressin et al. 2004; Kressin and Petersen 2001) , other cardiac tests (Ford et al. 2000) , bypass surgery (Kressin and Petersen 2001; Petersen et al. 2002) , coronary angioplasty and bypass surgery after cardiac catheterization (Ford et al. 2000; Ibrahim et al. 2003; Kressin and Petersen 2001; Peterson et al. 1997) , and overall quality of cardiac care (Ayanian et al. 1999) .
Because the inclusion criteria for these studies are based on health status but not SES factors, the distributions of health status in the populations are approximately the same, whereas the SES distributions may be different. Thus, a simple comparison of quality and access (with no further adjustment for SES factors) yields a disparity measure concordant with the IOM definition, including racial differences mediated through SES.
1
In contrast, population-based observational surveys usually lack the information required to set strict exclusion criteria based on clinical need.
2 In this setting, to adjust for health status variables but not SES variables requires the creation of a hypothetical comparison group. To illustrate, consider a trial of a new treatment. The researcher cannot compare the treated group's outcomes to those that would have ensued without treatment, since the latter are counterfactual, i.e. not actually observed. Instead, she uses experimental or quasi-experimental methods to compare outcomes in the treatment group and a control group with similar characteristics to the treatment group except for exposure to the treatment. A difference between the observed and counterfactual outcomes can then be estimated.
In racial disparities studies, minority race is the ''treatment'' of interest, and the counterfactual group is a group identical in all aspects to a factual minority group, except for minority race status. Experimental randomization of the race of individuals is clearly not feasible, but other methods of balancing groups can be undertaken.
3 For example, Schulman et al. (1999) presented physicians with videos of black and white actors matched on all characteristics except race to measure differences in diagnosis and treatment patterns associated with patient race. Economists and social scientists have matched black and white applications to test for discrimination in the housing and labor markets (Riach and Rich 2002) . One recent study demonstrated discrimination in hiring practices by submitting job applications with given names typical of blacks and whites to signal membership in minority groups (Bertrand and Mullainathan 2004) . Implementing the IOM definition of racial disparities also requires construction of a hypothetical control group with counterfactual distributions of health status variables. As we discuss below, although statistically implementing this counterfactual is straightforward in a linear model, it is not straightforward in the context of non-linear models.
1 Peterson et al. (1997) state as a limitation of their methods that ''race may only be a surrogate marker for other socioeconomic factors… that may affect decisions about care to an equal or greater extent.' ' (p. 485) . This is actually not a limitation according the IOM definition of disparities. 2 In some studies using population-based surveys, researchers use a clinical diagnosis or a set of diagnostic items to establish need. A study typical of this group (Wells et al. 2001 ) identifies individuals with a depression diagnosis using an SF-12 mental health score, and then assesses the utilization of care by this subpopulation. 3 Rubin argues that race is not a treatment at the individual level in the sense of his causal model since it cannot be manipulated by any conceivable experiment; however since our purpose is to compare group rather than individual outcomes we do not consider this an obstacle to our analysis.
Defining and measuring disparities
This section defines the distributional properties that we regard to be necessary for a disparity method to be concordant with the IOM definition of racial/ethnic disparities in healthcare use. Methods used in previous disparities studies are then described and evaluated against these concordance criteria.
Empirical definition of disparity
Suppose we wish to estimate disparities in health care utilization by two racial/ethnic groups, which we will call ''white'' and ''black''. Let expected health care expenditure be y ¼ yðH; S; RÞ; a function of a vector of health status variables (H), a vector of SES variables (S), and race R (for purposes of exposition assumed to be black or white). At a population level, the disparity can be defined as the difference between the average utilization of a counterfactual white population with black health status and the actual utilization of the factual black population:
where the three subscripts on " y represent the distribution by race of H, S, and R, respectively. " y BWW represents the expected value of a utilization function averaged over a black distribution of health status, a white distribution of SES, and assuming white race. Actual expenditure can be expressed as " y BBB representing the expected value of utilization averaged over black distributions of health status and SES, assuming black race. The disparity is thus the difference in use between the two groups due to factors other than health status, because both estimates assume the same distribution of health status (that for blacks). The first estimate is a counterfactual because it assumes that white race and the corresponding SES distribution are combined with the black distribution of health variables.
Comparisons of factual and counterfactual distributions are common in causal inference (Rubin 1974) . We formalize these counterfactual distributions in order to be precise about the comparisons we make. The factual black expenditure expectation can be expressed as:
where the function of health status and SES conditional on race yðH; S; Race ¼ BlackÞ is integrated over the joint density of health status and SES for blacks, f BB ðH; SÞ: Analogously, the counterfactual expenditure expectation, " y BWW ; can be expressed as:
where the expected utilization for whites is integrated over a counterfactual joint density of health status and SES, f Ã BW ðH; SÞ: We do not observe f Ã BW ðH; SÞ; but construct it using different approaches described in detail below. Disparities 5 are then:
Key to implementing a definition of disparities based on (4) is the choice of f Ã BW ðH; SÞ: The defining property of f Ã BW ðH; SÞ is that the marginal distribution of health status is like that of the black population while the marginal distribution of SES is that of whites:
The marginals are factual and observable, but the joint distribution f Ã BW ðH; SÞ is not. We will define a disparity measure based on (4) to be concordant with the IOM definition of racial disparities if f Ã BW ðH; SÞ has the marginal properties described in (5a-b). Property (5a) represents control for health status since both expectations assume the same distribution of the variable; and (5b) addresses the goal of preserving the distribution of SES characteristics in the white population in the counterfactual f Ã BW ðH; SÞ: There are many hypothetical joint distributions f Ã BW ðH; SÞ that satisfy (5a-b), with various correlation structures of health status and SES. For example, if the distribution of white health status is made to match that of blacks by replacing all white health status indicators with values randomly drawn from the black sample, then the correlation between health status and SES for this hypothetical joint distribution will be close to 0. Other methods produce more plausible correlation structures that better approximate those of actual (white or black) joint distributions of health status and SES. In order to avoid causal assumptions about the relationship between health status and SES, we do not require a specific counterfactual joint distribution.
Assessment of previous methods for estimating disparities
To implement the empirical definition of disparities in population-based surveys, the researcher must statistically adjust for health status variation, while at the same time incorporating SES variation into disparity calculations. Table 1 provides a framework for classifying disparity measurement methods, categorizing previous studies by whether they adjust for health status and SES or health status alone, and whether they rely on non-linear or linear models.
1.2.2.1 Methods adjusting for all variables including health status and SES: boxes 1 and 2 ''Race residual'', or residual direct effect (RDE), methods measure racial disparities by estimating the race coefficient (and possibly race interactions) in a multivariate regression (either linear (Cell 1) or non-linear (Cell 2)) controlling for all other observable factors. In the notation introduced above, the RDE is:
The difference between the IOM definition (4) and the RDE is:
The term in (7) is the difference in utilization due to substitution of white for black SES (given health status and race). Thus, the RDE excludes from the disparity the racial differences mediated through SES differences.
A notable non-linear application of the RDE appears in parts of the 2004-2007 National Healthcare Disparities Reports (NHDR) (AHRQ 2004 (AHRQ , 2005 (AHRQ , 2006 (AHRQ , 2007 , in which disparities are calculated for some measures using multivariate logistic regressions adjusting for ''age, sex, race, ethnicity, household income, education, insurance, and residence location as appropriate '' (AHRQ 2004, p. 13 ). Significant odds ratios for race/ethnicity, in the presence of these controls, are regarded as indicating a disparity. For example, controlling for all of these covariates in a 2001 sample of individuals with diabetes, blacks were 38% and Hispanics were 33% less likely than whites to receive effective diabetes management (AHRQ 2004) .
Similarly, Guevara et al. (2006) demonstrated disparities in children's ambulatory visit and use of prescription medications, using race coefficients in logistic regression controlled for age, gender, family size, income, health insurance, and health status variables. Fiscella et al. (2002) found that Spanish-speaking Hispanics had a lower probability of a physician or mental health visit, and that blacks had a significantly lower probability of visiting a mental health professional, after adjustment for age, gender, health status, demographics, health insurance, income, and telephone access.
1.2.2.2
Methods that adjust for health status and allow for SES mediation in linear models: box 3 Mean replacement and decomposition methods used in health services research and other areas (e.g. labor economics) adjust for health status in a linear model while allowing for the mediation of SES factors (box 3 of Table 1 ). Suppose the relation between a dependent variable representing health care utilization (y) and the factors affecting it, including health status, SES, and race, is linear:
Then, the expected value of the counterfactual predictions for whites, " y BWW ; can be determined by inserting into the prediction equation the expected value of health status given black race, E B H ½ ; the expected value of SES given white race, E W H ½ ; and white race, R ¼ White :
In linear models, these expected values are calculated by simply taking the mean for each variable within each racial group so that " H Black indicates the vector of means for blacks of the health status variables and " S White the vector of SES means for whites:
and the disparity can be calculated as " y BWW À " y BBB : This disparity estimate is the sum of the direct effect of race and the effect mediated through SES, orb 3 þb 2 ðS White À S Black Þ: If a model with Race * SES and Race * HS interactions better fits the data, then the health status can be adjusted by entering the mean black health status into the calculation of both the main and interaction effects. This method is equivalent to comparison to a health status counterfactual concordant with the IOM definition because whites retain their SES and race characteristics. Because of the linearity of the model, means of the predictor variables (e.g. health status) determine the predicted means of the outcome, without the necessity of specifying the joint distribution of the predictors.
The Oaxaca-Blinder (henceforth ''O-B'') decomposition (Blinder 1973; Oaxaca 1973 ) uses fully race-stratified models, thus including all possible interactions with race. In addition to including differences in underlying characteristics, or ''endowments'' (the appropriate term to the original applications in labor economics), the O-B method also allows for differences in the coefficients representing the effect of these characteristics for the two racial groups. Calculating disparities by assigning whites the mean health status of blacks, the O-B method yields a health status adjustment concordant with the IOM definition of racial disparity within a linear model. In the context of healthcare disparities, the O-B decomposition can be regarded as dividing the disparity into a part due to racial differences in SES distribution and a part due to racial differences in the effects of SES and health status on access to care. Decomposition methods based in linear probability models have been used to measure the contribution of separate factors to racial/ethnic differences in having a usual source of care (Hargraves and Hadley 2003; Kirby et al. 2006; Waidmann and Rajan 2000; Weinick et al. 2000; Zuvekas and Taliaferro 2003) . These studies showed that Hispanics are 15% less likely (in raw percentages) to have a usual source of care than whites, and blacks are between 4% and 8% less likely to have a usual source of care than whites, with health insurance accounting for between 5% and 40% of these differences. Decomposition studies can be used to separate out the contribution of health status factors to the difference between races.
Mean replacement or O-B decomposition in linear models can be used to estimate disparities concordant with the IOM definition because they adjust health status variables without affecting the independent contributions of other variables, and the adjustment of means (rather than distributions) is sufficient in a linear model without curvature or interaction terms.
6 These methods do not translate directly to non-linear models because full joint distributions of the predictors, rather than their means alone, are required to calculate the predicted mean of the outcome.
SES mediation of disparities in non-linear models: box 4
Measures of health services costs, utilization or outcomes often bear a nonlinear relationship to predictors (Basu and Rathouz 2005) . Methods that transform distributions (rather than means) have been used to decompose differences in nonlinear models in labor economics and demography, thus extending O-B decomposition methods to non-linear models. Transformation methods include sequential replacement (Fairlie 2006 ) and the use of regressionbased weights (Even and Macpherson 1993; Nielsen 1998; Powers and Pullman 2006; Yun 2004) . The first method replaces the value of each variable of group A with that of group B sequentially one by one. The order of replacement can be determined randomly or in a rank order based on respondents' predicted probability of having the outcome of interest. Critics of sequential replacement argue that results are sensitive to the order of switching and that results rely strongly on the choice of a base model (Fournier 2005; Ham et al. 1998 Ham et al. , p. 1137 Yun 2004) . The second method extends O-B decomposition to non-linear models. Rather than using other group means to decompose differences as in linear O-B decomposition, these methods apply weights based on endowments and difference model coefficients that equalize groups on the distributions of covariates (Yun 2004) .
This paper studies three new, straightforward transformation methods, one a propensity score-based weighting method, the second a rank-and-replace method, and the third a combination of the two. We discuss the conceptual and empirical advantages and disadvantages of these methods in an analysis of racial disparities in medical expenditure.
Data
We pooled data for whites and blacks from the 2003 and 2004 Medical Expenditure Panel Surveys (MEPS), which contain variables related to individuals' health care expenditures, utilization, and demographic, SES and health status characteristics. The main dependent variable is total medical expenditure, generated from compiled claims data and selfreported out-of-pocket expenditure, and standardized to 2004 dollars. For purposes of analysis, covariates are split into two broad categories: SES variables, and health status variables (Table 2 ). SES variables include education level, poverty status, region of the country, insurance coverage and participation in an HMO. Health status variables include gender, age, marital status, self-assessed health test scores, body mass index (BMI), and binary indicators for 11 health conditions. The MEPS sample contains 22,209 whites and 5,406 blacks 18 years of age or older, and is weighted to be representative of the black and white adult population of the United States. MEPS has previously been used in numerous racial disparities studies (i.e., Guevara et al. 2006; Shi 1999; Weinick et al. 2000; Zuvekas and Taliaferro 2003) , and most notably was a data source for the AHRQ national health disparities reports (AHRQ 2004 (AHRQ , 2005 (AHRQ , 2006 (AHRQ , 2007 .
Methods
Three methods of health status adjustment were evaluated in the context of non-linear models: propensity score weighting, the rank and replace method, and a combined method. The objective of each of the adjustment methods is to produce a plausible hypothetical joint distribution f Ã BW ðH; SÞ to be used in calculation of disparities. We calculated disparity estimates in the following manner: coefficients were estimated from an appropriate model for expenditure, the counterfactual was generated by adjusting white health status to mimic the black distribution using one of the three methods, and predictions were calculated and averaged for each racial group. To focus on methods of adjustment, we estimated one non-linear model of expenditures, and applied adjustments to that model throughout. We used a generalized linear model (GLM) with quasi-likelihoods (McCullagh and Nelder 1989), similar to that used in a recent study on racial disparities in mental health utilization (McGuire et al. 2006 ). The GLM is preferable to an ordinary least-squares regression because it allows a non-linear link function to capture the relationship between the dependent and independent variables. The GLM also allows for heteroscedastic residual variances related to the predicted mean (Buntin and Zaslavsky 2004) . Standard errors for regression parameter estimates were calculated using the survey module in Stata 9 (StataCorp 2005) which accounts for the complex survey sampling design and the fact that the same primary sampling units were used in each year's panel selection.
Health status propensity score method
The propensity score is the probability of assignment to treatment conditional on a vector of observed covariates, P(D = 1|X = x) where D is treatment status and X is a vector of observed covariates measured prior to assignment to treatment. Conditional on the propensity score, the distributions of observed covariates are the same for the treatment and the control group, approximating the randomization of individuals to these groups (Rubin 1997) .
Balancing on observed covariates makes the propensity score an appealing tool to adjust for health status in non-linear models. Instead of modeling the predicted probability of being in the black race group conditional on all observable variables, however, we modeled that probability conditional on only health status variables; we do not seek balance on SES mediators. The estimated propensity scoreê i ðHÞ is the predicted probability under a logit model for this probability. Weighting based on the predicted score (Rosenbaum 1987) balances the distributions of health status for whites and blacks. (This method could also be implemented using a propensity score matching approach (Rosenbaum and Rubin 1984) ). We applied a unity weight to the treatment units andê i ðHÞ 1ÀêiðHÞ weight to the control units (Hirano and Imbens 2001) . 7 This weighting adjusts the white (''control'') distribution of health status to equal the black (''treatment'') distribution, as in (3). Note that the estimated propensity score is approximately proportional to the ratio of black and white health status densities, f B ðHÞ f w ðHÞ : To the extent that SES and health status variables are correlated, however, the health status propensity score method is not concordant with the IOM definition. As described in 5(a), concordance requires the weighted distribution of health status to be equal to the marginal black health status distribution. However, propensity score weighting of individuals based only on their health status values also alters the distribution of SES, 8 We can anticipate the direction of bias in this adjustment method. Assuming whites have overall higher health status and SES, and that the covariance between health status and SES variables is positive, then white individuals with lower health status will be weighted more heavily to balance the white and black distributions of health status. This, in turn, will cause white individuals with lower SES to also be weighted more heavily. Assuming that those in lower SES categories have lower health utilization and expenditure, we would predict that this method will underestimate the counterfactual white expenditure, and thus underestimate the disparity.
Rank and replace method
The ''rank and replace '' method (McGuire et al. 2006 ) matches individuals based on their rank of health status measures and transforms the distribution of health status conditional on white race to equal the health status distribution conditional on black race. SES values are not altered. In previous studies implementing the IOM definition of disparities, health status variables were transformed seriatim, so that the Hispanic and black distributions for each health status variable were identical to white distributions (Cook 2007; McGuire et al. 2006) . A ''rank and replace'' method was used to adjust continuous health status variables: blacks, Hispanics and whites were ranked according to their scores on continuous health status variables and the values of Hispanic and black individuals were adjusted to equal their equivalently ranked white individual. These analyses adjusted dichotomous health status variables by randomly changing minority health status indicators from 1 to 0 (or 0 to 1) until white and minority proportions were equivalent. 7 In our analysis, propensity score weights were capped at 0.9 to prevent single individuals from having undue influence on the predicted outcome. As a result, two of the 22,209 white individuals had their final weights (propensity score weight times MEPS survey weights) reduced from 960,797 to 40,380 and 8,700,800 to 131,648, respectively. This adjustment greatly improved the match between black and white health status variable distributions. 8 The propensity score's discordance from the IOM definition is similar to a regression of expenditure on health status variables, ignoring adjustment of SES variables (e.g., see preliminary models in Saha et al. (2003) . Leaving SES out of the model will load racial differences in SES on to the race coefficient allowing for an approximation of the IOM-defined disparity (Balsa et al. 2007 ), but will not identify the contribution of racial differences in SES that is correlated with health status.
In this study, we simplified the adjustment by applying the rank and replace method to a model-based index of health status, rather than to each health status variable. Also, in contrast to prior work, we adjusted the white health status distribution to equal the black health status distribution to increase the policy relevance of the analysis. To implement this procedure, we first estimated a GLM for total health care expenditure as a function of all relevant independent covariates, including appropriate interactions. Writing the GLM in standard form as
a health status summary index score is defined as b 1 H; the combined contribution to the prediction of all health-status variables. blacks and whites were then ranked according to their scores, and scores of white individuals were replaced by the scores of equivalently ranked black individuals, creating a hypothetical white subgroup with a distribution of this health status index that was identical to the black subgroup. Predicted expenditures were then calculated under model (10) using the revised values of the health-status index but the original (white) values of SES and race. Because the predictions depend on health status only through the index b 1 H; transforming the distribution of the index is equivalent to transforming the entire health status distribution, maintaining the joint relationships of health status variables and the rank relationship of SES and health status. However this method requires transforming only a scalar distribution and does not require arbitrary random transformation of dichotomous variables.
Combined method: health status propensity score method with SES adjustment
A third method, the propensity score method with SES adjustment, employs a similar adjustment applied to a summary SES index to undo the undesired reweighting of the distributions of SES variables during the propensity score weighting process. First, we estimated the GLM (10) for total health expenditure regressed on the complete set of SES and health status variables. Second, we calculated the SES index score b 2 S: Third, the SES predictive index was weighted using the health status propensity score weight described above. We restore the original white SES characteristics using the rank and replace method, replacing white propensity score weighted SES index values with equivalently ranked white, pre-propensity score weighted SES index values. With this adjustment, the propensity-score-weighted distribution of SES index values for whites is approximately the same as the original distribution of the index values before reweighting. Predicted expenditures were then calculated under model (10) using the original health-status index, the adjusted SES index, and health status propensity score weights. The propensity score weights white individuals based on a composite health status propensity score so that the integration of the joint function f Ã BW ðH; SÞ results in the marginal distribution given black race for every health status variable. The white SES variable distribution is recaptured through the SES index adjustment.
Empirical evaluation criteria

Variance
To measure the efficiency of the three approaches just described, we compared absolute and relative variances of estimates under these three approaches, using the bootstrap procedure (Efron 1979) . We drew simulated samples with replacement, replicating the sampling design (stratification and clustering) of the MEPS to create 100 samples. Predicted expenditures and IOM-based disparities were calculated for each sample, and the variance of these 100 estimates was determined.
Application of these methods to datasets with more complete measures of SES or health status
Despite the importance of SES and health status variables in rigorous measurement of racial disparities, available datasets on health care quality and access may not include all desirable variables. Medicare and Medicaid claims data (Schneider et al. 2001; Skinner et al. 2003 ), like many clinically based studies, are rich in health status information, but have very limited information on the SES of individuals. Conversely, the current population survey (CPS) collects detailed SES information, but none on conditions or diagnoses other than a self-reported health status measure. Thus, a method of health status adjustment might be preferable if it is less dependent on the availability of extensive health status and SES data. To address this issue, we tested the sensitivity of the different methods to a number of different data scenarios. Because age and sex are powerful predictors of health spending in risk adjustment models and are readily available, 9 we used these as baseline measures of health status. We then created four hypothetical datasets by paring down the MEPS dataset: weakly measured health status (age and sex only) combined with a full set of SES variables, moderately well-measured health status (age, sex, marital status and selfreported health status) with a full set of SES variables, weakly measured SES (education only) with a full set of health status variables, and moderately well measured SES (education and poverty status) with a full set of health status variables. Disparities estimates with each method and each of these datasets were compared to those from the full MEPS dataset, which has additional information on geographical region, health insurance status and type, and specific health status conditions and scales. The stability of the estimates and variances across these datasets provide insight into the effects of the limitations of different datasets.
Results
Table 2 shows significant unadjusted differences between blacks and whites in nearly all SES and health status measures. Unadjusted mean expenditure was $1082 lower for blacks than for whites (P \ 0.05).
A GLM with a log link and variance proportional to the square of the mean models the relationship between race and total health care expenditure, controlling for numerous SES and health status variables (Table 3) . The link and variance functions were determined using diagnostics suggested by Buntin and Zaslavsky (2004) , including the ''Park test'' to estimate the variance function (Park 1966) . The significant negative coefficient on the race variable shows that blacks receive fewer resources than whites, controlling for all other variables. As expected, older age, lower scores on health scales, and the presence of 9 Insurance companies with limited information on individuals' health status often use age and sex alone as risk adjusters for determining premiums. In addition, recent studies on disparities among Medicare beneficiaries have used age and sex to adjust for health status (e.g., Escarce and McGuire 2004) . medical conditions positively influenced expenditure. Higher income and education, and living in the Midwest, were other predictors of greater medical expenditure. Being uninsured was a significant negative predictor of medical expenditure. Table 4 compares different methods of computing disparities, differing in the variables that were included in the adjustment and in use of linear or non-linear models. The residual direct effect (RDE) method adjusts for all variables in order to isolate the effect of race, controlling for mediating factors including SES, health status and preferences. Using a linear model, this method calculated a disparity of $489. The RDE method, using the nonlinear GLM described above, calculated a disparity of $842, nearly twice as large. Allowing differences in SES to mediate the relationship between race and total expenditure, by only adjusting for health status, increased estimates of disparity in both linear and non-linear models. The O-B decomposition calculated from separate black and white linear regressions found a disparity of $913. The four methods of adjusting for health status while allowing for SES mediation in non-linear models led to very similar disparity predictions. The RDE of disparity from a non-linear model that included only health status variables was $1126, the health status propensity score method calculated a disparity of $1285, the rank and replace method found a disparity of $1407, and the combined propensity score with SES adjustment method calculated a disparity of $1454. The disparity estimate using the rank and replace and combined methods had very similar variances both in absolute magnitude and as a percentage of the disparity estimate (both methods had coefficients of variation (CV) of approximately 34%). Table 5 shows estimates of disparities using the complete 2003-2004 dataset, the same dataset with missing SES variables and a full set of health status variables, and again with missing health status variables with a full set of SES variables. All three disparity calculations were sensitive to changes in the availability of health status data. For example, using a model with only gender and age as health status variables, the rank and replace method found a disparity of $732, nearly half the disparity estimated using a full model. On the other hand, disparity estimates differed little when SES variables were removed. Using only educational status as a SES variable, the combined method found a disparity of $1318, very similar to the disparity in the full model of $1454. Comparing the rank and replace method to the combined method, the former was more sensitive to missing SES information. The rank and replace method calculated a disparity of $1094 in the education-only model and $1407 in the full model, compared to $1318 and $1454 respectively calculated by the combined method. 
Discussion
Adjusting for health status in a regression framework is difficult because of the nonlinearity of the relationships of many health-related dependent variables to their predictors, and because health status is often highly correlated with SES characteristics. The IOMrelated definition of racial disparities has been implemented using the rank and replace method (Cook 2007; Cook et al. 2008; Cook et al. 2007; McGuire et al. 2006 ) which should be evaluated against alternatives. This paper presents methods of implementing the IOM-related definition of racial disparities and a framework for evaluating the concordance of each method with the IOM definition of racial disparities, efficiency (low variance), and sensitivity to availability of different amounts of data on SES and health status. The rank and replace method adjusts an index representing the combined effect of the health status variables to have exactly the same distribution of values for both blacks and whites while preserving the rank order of individuals' health status indicators. The propensity score method aligns black and white health status using a scalar weight. This method is appealing because the foundation of propensity score adjustment is well established in the statistical and health services literatures, but it requires a second step to ''undo'' the weighting of SES variables that are correlated with weighted health status variables. The combined method accomplishes this second step by replacing the white post-weight SES index distribution with the white pre-weight SES index distribution.
Disparities research using linear models can use mean adjustment methods or a variant of the Oaxaca-Blinder decomposition method that adjust health status means to implement the IOM definition of racial disparities. In this analysis, we find as in previous health services research that accounting for the non-linearity of health expenditure is necessary for accurate modeling predictions.
It is straightforward to estimate the RDE in a non-linear model with only health status variables, but this method does not account for the full mediated contribution to disparities of SES variables. Models that include health status variables while omitting SES variables unintentionally adjust for SES characteristics that are both predictors of expenditure and correlated with health status. For example, calculating disparities using a model that includes age as a covariate but not income unintentionally adjusts for the effect of age on disparities that is mediated through income. Adjusting for this partial contribution of income to the disparity calculation is not concordant with the IOM definition of disparities. However, if the relationship between health status and SES variables is modest, failing to account for the effect of health status mediated through SES typically will have little impact on the disparity estimate.
All three methods of adjusting for health status differences are relatively easy to implement empirically. The rank and replace method and the combined method presented in this paper estimate a disparity that is concordant with the IOM definition, and both methods had similar variance in this empirical analysis.
Because all three of the methods were sensitive to the omission of health status variables, caution is warranted when applying these methods to datasets with limited health status data. When health status information is missing, racial differences in the effects of health status load into the race coefficient and are included in the estimated disparities. Failure to adjust for health status compares blacks who are sicker and need more health care to whites who are healthier, thus decreasing the estimated disparity.
As we expected, the three disparity methods were less sensitive to the omission of SES variables than to the omission of health status variables because SES variables indirectly contribute to the disparity estimate through the race coefficient. Comparing across methods, we found that the propensity score and combined methods were less sensitive to the unavailability of SES variables than the rank and replace method and had smaller variance.
The accuracy of the comparison of racial disparities methods in this paper is limited by the available data. For example, the inclusion of other SES-related variables such as wealth would improve confidence in the predicted disparity results. Another limitation is the absence of patient preference measures, preventing us from adjusting disparity calculations for preferences. Patient preference measures are often problematic because patients are rarely ''fully informed'' about their healthcare options (Ashton et al. 2003; IOM 2002) , and measures used in other surveys do not take into account different levels of knowledge and experience with the health care system (Cooper-Patrick et al. 1997) or the extent to which expressed preferences might represent a realistic response to inferior access to and quality of health care, rather than an exogenously determined preference.
In this paper, we define concordance to the IOM definition of racial and ethnic disparities and apply three different methods to the estimation of disparities in medical expenditures. Future research should investigate the applicability of these methods to other types of health services variables, and datasets with more comprehensive variables of preferences and SES. Other possible extensions are to apply the IOM-concordant methods to evaluate disparities at various quantiles of medical expenditures or among different subgroups of patients.
